ABSTRACT Motivation: In recent years, microarray technology has revealed many tumor-expressed genes prognostic of clinical outcomes in early-stage breast cancer patients. However, in the presence of cured patients, evaluating gene effect on time to relapse is quite complex since it may affect either the probability of never experiencing a relapse (cure effect) or the time to relapse among the uncured patients (disease progression effect) or both. In this context, we propose a simple and an efficient method for identifying gene expression changes that characterize early and late recurrence for uncured patients. Results: Simulation results show the good performance of the proposed statistic for detecting a disease progression effect. In a study of early-stage breast cancer, our results show that the proposed statistic provides a more powerful basis for gene selection than the classical Cox model-based statistic. From a biological perspective, many of the genes identified here as associated with the speed of disease recurrence have known roles in tumorigenesis.
INTRODUCTION
Since the inception of genome-wide transcript analysis technologies such as serial analysis of gene expression (SAGE) and DNA microarrays, there has been much interest in identifying gene expression changes in primary human tumors associated with survival outcomes (class comparison) to better understand the disease process and to develop so-called gene signatures (class prediction) to improve patient prognosis (Simon et al., 2004) . Although these two issues are clearly different, they share a common key gene selection process step which may be more crucial than the gene signature modeling or the multiple comparison procedure considered.
For the analysis of censored survival times, the semiparametric Cox proportional hazard regression model is the favored choice and the statistic being considered is usually the Wald statistic derived from the corresponding univariate Cox partial likelihood function (Cox, 1972 (Cox, , 1975 . In practice, the genes with the largest statistics are selected for further confirmatory analyses or for inclusion in a gene signature (van't Veer et al., 2002; Beer et al., 2002; Wang et al., 2005) .
For early-stage cancer in which a fraction of the patients may be cured (sometimes referred to as long-term survivors) after the primary treatment, evaluating the association of gene expression changes to tumor relapse is quite complex since it may relate either to the probability of never experiencing a relapse (herein called cure or long-term effect) or to the time-to-relapse among the patients who are susceptible to relapse (herein called disease progression or shortterm effect) or both. From a clinical point of view, prognostic factors with a cure effect are relevant for identifying nonsusceptible patients who will not benefit from adjuvant systemic therapies but would otherwise sustain their side effects, whereas those factors with a disease progression effect would be useful for selecting patient with high risk for early relapse who may highly benefit from more aggressive therapeutic strategies. Such clinical problems arise for lymph-node negative primary breast cancer patients for whom it is well accepted that more than half of them are amenable to cure after the local-regional treatment alone (EBCTCG, 1998) .
However, the classical proportional hazard semi-parametric Cox model, which does not explicitly modelize these two effects, is not suited for evaluating the association between prognostic factor and time-to-event in the presence of a heterogeneous clinical group with cured patients (Maller and Zhou, 1996) . Thus, a selection process based on proportional hazard model-based statistics may lead to the discarding of genes whose expression changes reflect rapidly progressive disease in susceptible patients and as such should be considered valuable therapeutic targets.
For long-term disease-free survival analyses, semi-parametric cure models have been proposed that rely either on two-component mixture models or bounded cumulative hazard models (for a review, see Tsodikov et al., 2003) . However, proposed methods for investigating prognostic factors in cure models from a frequentist or Bayesian framework usually require complex computations and are too cumbersome for practical use in genome-wide analysis. This latter problem prompted us to propose a simple and easyto-use statistic tailored for identifying genes with disease progression effects which can also take into account other conventional prognostic markers. This statistic extends previous work on a cure model in the two-sample comparison setting (Broët et al., 2001) .
The paper is organized as follows. In Section 2, we introduce the semi-parametric cure rate model that allows us to derive the proposed statistic for testing the lack of disease progression effect together with extensions for including additional independent variables. In Section 3, we present the results of simulation experiments. In Section 4, we illustrate the performance and usefulness of our approach using Affymetrix microarray data to identify gene expression changes associated with early relapse in a cohort of 130 early breast cancer patients. We conclude with a discussion of the new insights obtained from our approach.
TESTING FOR NO DISEASE PROGRESSION EFFECT
In the following, we introduce the semi-parametric cure model that allows us to derive a new statistic suited for testing for the lack of disease progression effect. We also propose extensions for taking into account clinical prognostic factors.
Cure model
Let G ij denote the gene vector for the i-th subject (i ¼ 1, . . . , n) and the j-th gene (j ¼ 1, . . . , p). For each patient i, let the random variables T i and C i be the survival and censoring times which are assumed to satisfy the classical condition of independent censoring. We let X i ¼ min(T i , C i ) denote the observed time of follow-up, d i ¼ 1 fXi¼Tig the indicator of death, Y i ðtÞ ¼ 1 ft Xig the indicator of being at risk at time t. For each subject i and the gene j , the data consist of X i , d i and G ij . The hazard function of T i corresponding to every subject i with gene vector G ij is denoted by lðt= Gij Þ ¼ f ðt= Gij Þ=Sðt= Gij Þ‚ where f ðt= Gij Þ and Sðt= Gij Þ are the probability density function and the survival function, respectively. The corresponding cumulative hazard function is denoted by Lðt= Gij Þ ¼ Àlog ½Sðt= Gij Þ: Here, we introduce the following semi-parametric bounded cumulative hazard model (Broët et al., 2001; Tsodikov et al., 2003) which is defined by the general survival function:
where H(t) is an arbitrary function increasing with time from zero to infinity, which can be considered as a pseudo-cumulative hazard function and is a positive parameter. Here, b 1j and b 2j are parameters, belonging to R, for the cure and disease progression effects of the gene j, respectively. This model is a semi-parametric model since a parametric form is assumed only for the genes effects, the function H(t) being treated non-parametrically. Moreover, it is a cure model since the function Sðt= Gij Þ is improper with its limiting value e
representing the probability of not experiencing the event of interest. The cumulative hazard Lðt= Gij Þ is bounded, being e b 1j Gij . In this model, the parameter vector b 1j quantifies the genes' cure (or long-term) effect and the b 2j quantifies the genes' disease progression (or short-term) effect on the pseudo-survival function e ÀH(t) through a proportional hazard relationship. This model can be written in terms of the hazard functions lðt= Gij Þ as follows:
where hðtÞ ¼ ½@HðtÞ/@t is an arbitrary baseline hazard function. As seen in (2), the cure effect acts in multiplying the hazard rate by a quantity which is constant over time whereas for the disease progression effect this quantity is changing over time. This latter time-varying effect is related to the changes in composition of the population since the susceptible patients group is progressively exhausted as time goes on.
Test statistic
2.2.1 Score statistic We derive a score statistic for testing the hypothesis (H 0j : b 2j ¼ 0) of no disease progression effect for the j-th gene. Based on the previous model, the corresponding partial log-likelihood is
When there are ties among the events, we consider the modified partial likelihood as proposed by Breslow (1974) . Thus, the components of the score vector deduced from the partial likelihood under H 0j can be written as follows:
Here,L L 0 ðtÞ is the left-continuous version of the Breslow's estimator (Breslow, 1972 (Breslow, , 1974 for the cumulative hazard function under H 0j , is its value computed at the last observed failure time andb b 1j is the maximum partial likelihood estimator of
The corresponding observed information matrixÎ I H0j under H 0j is obtained from the second derivatives and is given as follows: Under H 0j , the statistic of no disease progression effect S
is asymptotically distributed as a x 2 with one degree of freedom (Cox and Hinkley, 1974 
First, we test for the hypothesis of no disease progression effect for the clinical covariate using the score statistic introduced above.
If this latter hypothesis is rejected, we propose to consider a stratified (from Z l ) version of the cure rate model introduced in the previous section. Thus, the components of the statistic are found by summing the previous first and second derivatives across each stratum.
If this latter hypothesis is not rejected, the following extended cure model is considered :
where Z i is the clinical covariate for the i-th subject and b 0 the corresponding regression coefficient. Thus, the components of the score vector for testing the null hypothesis of no disease progression effect for the j-th gene can be easily written as follows:
Here,L L 0 ðtÞ ¼
the usual partial likelihood estimators of b 0 under the null hypothesis and its value at the last observed failure time. The corresponding observed information matrix is obtained from the partial second derivatives in the same way as presented above. Thus, the corresponding statistic S
is asymptotically distributed under the null hypothesis as a x 2 with one degree of freedom.
SIMULATION

Method
A simulation study was performed to investigate the power properties of the proposed disease progression effect test statistic (denoted DPE) in comparison with the classical proportional hazard Cox model-based Wald test statistic (denoted PHM). Data were generated to mimic the disease progression and cure effects of a gene on the survival times according to the cure model described previously with H(t) ¼ t. Censoring times were independently generated from a uniform distribution. For each gene, pseudo-expression values were independently sampled from a standard normal distribution. The number of subjects was chosen to be of 200. The following configurations were considered: plateau value (e À ) of 50 and 75%; censoring of 0 and 25%; b 1 ¼ 0, 0.25, 0.5 and b 2 ¼ 0, 1, 1.25, 1.5, 2 that mimics realistic disease progression and cure effects. For each configuration, 200 replications were performed and the levels and powers of all tests were estimated at the nominal level 0.05. Table 1 shows the simulation results for the uncensored case. As expected, the estimated level of the DPE test under its proper null hypothesis is within the binomial range [0.02-0.08]. In the presence of a disease progression effect without a cure effect, power gains of the proposed test are impressive as compared with the Cox-model-based Wald test. In the presence of a cure effect, power gains are lower but still interesting in comparison to the PHM test as soon as a non-negligible disease progression effect exists. It is worth noting that power gains increase with the plateau value. When the cure effect is important, the PHM test is more powerful than the DPE test. This is not surprising since the DPE statistic is devoted for detecting disease progression effect whereas the PHM statistic does not explicitly model these two effects. Moreover, if no disease progression exists, the cure model reduces to a proportional hazard model for which the PHM test is optimal. Table 2 shows the simulation results for the censored case. With a 25% censoring rate, the observed levels of the proposed test statistic do not exceed the binomial bounds. Since the null hypothesis of no disease progression effect does not involve the plateau value estimate, it is not surprising that the DPE test maintains a correct type I error for censored cases. Concerning the power it appears that the trends observed in the uncensored case remain almost unchanged. Power gains for DPE are lower than in the uncensored case, but still remain impressive as compared with the PHM test as soon as no cure effect exists. When testing disease progression effect with a moderate cure effect, power values of the DPE and PHM tests are very close. Identifying disease progression effect genes
Results
DISEASE PROGRESSION EFFECTS' GENES IN EARLY BREAST CANCER
Clinical and microarray datasets
The data come from an expression microarray study conducted jointly between the Genome Institute of Singapore and the Karolinska Institute (Stockholm, Sweden) and designed for investigating the prognostic effects of gene expression changes on the outcome of patients with primary invasive breast cancer (Miller et al., 2005) . Here, we selected a homogeneous clinical group of 130 patients having lymph-node-negative breast cancer with positive steroid receptor (either estrogen or progesterone receptors), tumor size <50 mm, age between 35 and 80 years. All patients had been treated by modified radical mastectomy or breast-conserving surgery, followed by radiotherapy if indicated. None of these patients received chemotherapy and only a small fraction (15%) received hormonal therapy. Among the selected cases, 86 patients (66%) had a tumor <20 mm (stage T1) and 44 patients (34%) had a tumor between 20 and 50 mm (stage T2). The mean age at diagnosis was 62 years. According to the Elston-Ellis grading system (Elston and Ellis, 1991) , 48 patients (37%) had tumor grade I, 66 (51%) grade II and 16 (12%) grade III. Protein levels of estrogen receptor (ER) and progesterone receptor (PR) were assessed by immunoassay (monoclonal 6F11 anti-ER and monoclonal NCL-PGR, respectively, Novocastra Laboratories Ltd, Newcastle upon Tyne, UK) and deemed positive if greater than 0.1 fmol/mg DNA. One hundred fifteen (88%) patients had tumors with positive ER and 123 (95%) with positive PR.
The clinical outcome considered in this study was the occurrence of any relapse from the disease (i.e. local or regional relapse, metastasis or disease-related death). Disease-free survival was calculated from the date of treatment to the time of relapse from the disease or last follow-up.
For gene expression analyses, the Affymetrix Human U133 oligonucleotide arrays were used. Here, we considered U133A Chips with 22283 probe sets. Standardization and normalization of the data were carried out using the MAS5 procedure (Simon et al., 2004) .
In our study, the median duration follow-up was 10.7 years. The five year disease-free survival was 76.1% [95%CI: 69.1-83.8] and the 10 year disease-free survival was 65. . At the end of follow-up, 45 patients experienced a relapse from the disease. Figure 1 displays the Kaplan-Meier estimates of the disease-free survival (with the 95% confidence interval) for the entire cohort and shows a clear plateau value after ten years of follow-up.
From classical univariate Cox survival analysis, age was not significantly associated with the disease-free survival (p ¼ 0.61), whereas high tumor size staging (p ¼ 0.005) and histological grading (p ¼ 0.01) were significantly associated with lower disease-free survival. Tumor size staging and histological grading were highly correlated (p ¼ 0.002). When adjusting for these two factors in a multivariate Cox model, only tumor size staging showed a significant effect on the disease-free survival (p ¼ 0.02). When we tested for a disease progression effect, the proposed test showed no statistical significance for the tumor size staging (p ¼ 0.3). Thus, we decided to consider the statistic (denoted in the following S ‚ and p S cox j ‚ respectively. The error criteria considered for the selection process was the classical false discovery rate (FDR) as introduced by Benjamini and Hochberg (1995) . We estimated the FDR from the marginal distribution of the p-values without making any assumption on the distribution related to the modified genes according to the method proposed by Dalmasso et al. (2005) .
Results
Results of the selection process
Here we consider a typical situation where the investigator is interested in obtaining a list of top Time ( probe sets for a defined FDR threshold based on the ordered p-values. Figure 2 displays the FDR estimate as a function of the number of probe sets selected. Panel 1 gives the results for all the probe sets whereas panel 2 displays a zoom on the first top 200 probe sets. As seen from these graphics, for a same FDR threshold, we can select a larger number of genes from our proposed statistic as compared with the Cox model-based statistics. When looking to the second panel, the FDR curve for the Cox model-based selection process shows a sharp increase with a value of 65% for the third probe set whereas for the proposed selection process the curve is slowly increasing. Choosing a classical 20% FDR cut-off for the statistical significance gives us a list of 52 probe sets with the proposed statistic and one probe set with the Cox model-based statistic. It is worth noting that the smallest observed p-value for our proposed statistic is 1.2 · 10 À6 which is still significant when considering a restrictive criteria such as the familywise error rate (at a level of 5%) and using the Bonferroni procedure. Figure 3 displays the survival curves for two representative probe sets (among the 52 selected ones) where gene expression measurements are dichotomized between those with high values (above the median) and those with low values (below the median). These figures show clearly the probe sets' time-varying effect with the two curves converging to a plateau value as time goes on. In the first case, an increase of the probe set expression is related to early relapse whereas for the other probe set it is the converse.
Among these 52 probe sets, one gene was selected with its three probe sets and one gene with its two probe sets leading to a subset of 49 different genes (Table 3) . Figure 4 displays results of a local smoothing procedure (Cleveland, 1979) of the time-dependent regression coefficient estimate, based on the Cox model-based Schoenfeld residuals, versus time (Marubini and Valsecchi, 2004) . It clearly shows that genes' coefficients are not constant with their signs changing over time. As expected, testing for non-proportionality of the hazards leads to highly significant results for these genes (data not shown).
Disease progression effect principal component
In order to explore the combined effect of the selected 49 disease progression effect genes on patient outcomes in a low-dimensional space, we performed a principal component analysis on the variancecovariance genes matrix and selected the largest principal component. This component, which may be viewed as a super gene, corresponds to the linear combination of the selected genes having maximal variation among tumor samples. We then calculated for each patient a corresponding super gene score and tested for a disease progression effect of the super gene. We observed a highly significant disease progression effect (x 2 ¼ 64.3, p < 10 À15 ). Figure 5 displays the survival curves obtained when the super gene scores were dichotomized according to the median score. As seen from the graph, for patients with low super gene scores most of the relapse events occurred before five years, whereas for the other group relapses occurred after five years, despite the two groups having the same proportion of cured patients.
Biological insights of the disease progression effect
genes For classifying selected genes by categories, we used the publicly available PANTHER (Protein Analysis Through Evolutionary Relationships, Version 6.0 2005, http://panther. appliedbiosystems.com) classification system software (Mi et al., 2005) . It includes interactive resources for analyzing gene expression data in relation to molecular functions, biological processes (GO ontology) and known pathways. In our selected subset of 49 disease progression effect genes, 46 were annotated. We Identifying disease progression effect genes investigated which categories (biological process, molecular function, pathway), if any, were statistically overrepresented in this 46 genes subset. We compared the number of genes observed in a specified category with the number that would be expected (based on the 23 481 annotated genes ID from the NCBI repertory) if there was no relationship between our selected subset and the specified category. We considered 243, 255 and 82 categories for biological process, molecular function and pathway, respectively. Table 4 displays the categories which are statistically overrepresented in our selected genes subset (at the 0.05 level).
When looking to the biological process categories, apoptosis, oncogene, mRNA transcription and cell cycle genes were overrepresented. For the molecular function categories, genes having a protein kinase activity were overrepresented. For the pathway categories, we found an overrepresentation of genes having immune/inflammation functions, reflecting the well-known role of the microenvironment in cancer disease progression. Interestingly, we also showed an overrepresentation of genes related to the Wnt signaling pathway which is known to be implicated in oncogenesis of a wide range of human cancers including breast carcinomas (Howe and Brown, 2004) .
Among the 49 disease progression effect genes, a high expression of 38 genes was related to early relapse whereas for 11 genes a low expression was related to early relapse. We also investigated if chromosome locations were statistically overrepresented in this 49 gene subset. We compared the number of genes we observed in a specified chromosome with the number that would be expected if there was no relationship between our selected subset and the chromosomal location. Here, chromosome 3 was significantly overrepresented (p < 10 À6 ) with 13 genes located on this chromosome. Moreover, it is worth noting that for the nine genes located on the 3q arm, an increase of the expression was related to early relapse.
Validation study
For validating the disease progression effect of our selected subset of probe sets, we considered an independent breast cancer dataset from the study published by Wang et al. (2005) . In this latter study, gene expression of 286 lymphnode-negative primary breast cancers was studied using Affymetrix Human U133 oligonucleotide arrays. The authors identified a gene signature of 60 probe sets for patients positive for ERs that is a prognostic factor for the development of metastasis.
Firstly, we tested the null hypothesis of no disease progression effect for our 52 selected probe sets on the 209 ER positive breast cancers from the Wang et al. (2005) study. Secondly, we tested the null hypothesis of no disease progression effect for the 60 probe sets selected by Wang et al. (2005) on our series (using both DPE and PHM statistics).
For these two groups of selected probe sets, we then compared the number of probe set statistics being significant at the classical 5% level with the number that would be expected if there was no relationship between the expression of the probe sets and the disease-free survival.
Among our 52 selected probe sets, 12 (23%) showed a disease progression effect in the Wang et al. (2005) series, this number being significantly higher than expected by chance alone (p < 10 À6 ). Among the 60 probes sets selected by Wang et al. (2005) four (6.7%) and six (10%) showed a relationship with the disease-free survival in our series, using DPE and PHM test statistics, respectively. When comparing these latter results with the numbers that would be expected if there was no relationship, we did not reach statistical significance with either the DPE (p ¼ 0.55) or PHM (p ¼ 0.07) test statistics. AffyID, Affymetrix identification code for each probe set; risk, risk of early relapse.
The discovery of disease progression genes characterizing early and late relapse among uncured patients, which can only be accomplished by investigating survival data with long-term follow-up, advocates for the use of new statistics appropriate for identifying such genes. We propose in this paper a new statistic tailored for detecting disease progression effect genes which offers the investigator a powerful new and easy-to-use tool for the gene selection process. Furthermore, this statistic can be easily implemented using classical statistical software with survival analysis capabilities. Our test statistic stems from biological, clinical as well as statistical considerations. From a biological point of view, it is likely that a non-negligible fraction of genes measured at the time of the treatment is direct or indirect witness of the speed of the disease for the uncured patients. From a clinical perspective, the identification of genes that drive early relapse may not only improve patient prognosis, but also guide the discovery of new potential therapeutic targets appropriate for patients with rapidly progressive disease. From a statistical point of view, in such a mixed population (cured and uncured patients), the susceptible patients group which is progressively exhausted over time, leads to an observed time-varying effect, which advocates the use of cure rate models from which well-suited statistics can be derived.
As seen from the simulation study, the proposed statistic shows excellent power performances for assessing a disease progression effect as compared with the classical Wald statistic derived from the Cox model. Power gains are impressive for no, or small differences in the cure effect. In any case, our proposed score test maintains a correct type I error. For the early breast cancer series considered in this work, a longterm survivor fraction exists, and having a large number of patients followed up to the first decade post surgery allows for an interpretable time sequence for tumor relapse. Based on the results, the proposed statistic leads to the selection of a larger subset of genes for a reasonable FDR as compared with the Cox model-based statistic. When looking to our selected genes, they exhibit a clear time-varying effect which explains why they are not selected using the classical Cox-based statistic. Moreover, we could easily understand that early evaluation (say at five years) may emphasize differences that will disappear with longer follow-up. This latter fact may explain recent findings regarding gene signatures for early breast cancer, where around two-thirds of patients have a negligible risk of tumor recurrence after 10-years (Bland and Copeland, 1998) and may be considered as cured (or long-term survivors). Recently, van't Veer et al. (2002) have identified a microarray-derived gene expression signature that predicts for distant metastasis. This 70-gene signature was derived from the probability of being free of metastasis at five years and later evaluated on the time-to-distant relapse with a longer follow-up (van de Vijver et al., 2002) . In this latter work, the authors reported that the hazard ratio for distant metastasis as a first event was estimated to be between the 'poor' versus the 'good' profile groups for the first five years and only 1.8 (95%CI : 0.69-4.5) after five years. Thus, we may hypothesize that this time-varying effect reflects the presence of disease progression effect genes in the signature.
In our study, we considered a classical top-gene selection strategy (based on the FDR criteria) even though key genes are not necessarily those with larger transcriptional variations. We also validated the prognostic potential of our selected subset of genes on an independent dataset published by Wang et al. (2005) . Adjusting for tumor size, this latter variable being the classical clinical reflection of cell proliferation, leads us to explore different biological pathways involved in rapid progressive disease. Here, our study emphasizes the potential interest of genes involved in the Wnt signaling pathway (Howe and Brown, 2004) .
Of particular interest is the overrepresentation of genes located in chromosome 3 and especially on the 3q arm. This finding is likely related to genomic amplification since it is consistent with recent comparative genomic hybridization results which show that gain of 3q is a strong predictor of recurrence in lymph node-negative invasive breast carcinomas (Janssen et al., 2003) . Notwithstanding that it was not the main purpose of our work, we investigated the interest of combining disease progression effect genes in a unique super gene component. As seen from our results, it clearly leads to a more powerful prognostic factor and thus warrants further investigations for prediction purposes.
In this work, we considered the same proportional hazard disease progression shape for each gene, however other disease progression effect shapes (e.g. accelerated life model) may also be considered and will require future exploration. We conclude that the proposed statistic is a powerful new approach for identifying genes with disease progression effects which could be valuable prognostic indicators useful in therapeutic decision making and for identifying candidate genes and pathways for future targeted therapies. Finally, this study emphasizes the need for deriving new statistics for genome-wide analysis where gains of power are a crucial issue.
